Soil moisture is known to be important in hydrology, agronomy, flood and drought forecasting. (2005)(2006)(2007)(2008).
Introduction
Soil moisture is a key component of the environment to consider in hydrological modelling, agricultural production, flood and drought forecasting, and adaptation to climate change.
Knowledge of soil moisture pattern and dynamics is thus an indispensable information. In situ observations and satellite products are the two common sources of soil moisture information (Mohanty et al., 2017) . While ground-based soil moisture provides point scale information and is appropriate for studies at small scales, satellite soil moisture products, due to their large spatial coverage, offer countless of applications at regional, continental and global scales. Also, remotely sensed soil moisture is readily more available and accessible than in situ measurements which make them more attractive.
However, prior to their use for impact studies, the validity and accuracy of satellite data must be evaluated. Checking the quality of satellite soil moisture products can "easily" be envisaged when in situ soil moisture measurements are available. But even in that case, the comparison is not straightforward Montzka et al., 2017) . Actually, one of the main criticisms on satellite soil moisture is their coarse resolution (25 to 50 km) and their scale mismatch with in situ observations (Wanders et al., 2012) . Piles et al. (2011) suggested a downscaling scheme to cope with this shortcoming of remotely sensed soil moisture. Several further methods have been developed to enhance the spatial resolution of coarse global soil moisture products (Verhoest et al., 2015; Im et al., 2016; Colliander, Fisher, et al., 2017; Jin et al., 2017; Montzka et al., 2018) .
Another possibility is the use of a distributed water balance model which allows the "upscaling" of in situ observations to match the scale of satellite products (e.g. Rötzer et al. 2014 ). An example of such possibility is given in the study of Wanders et al. (2012) who used the Soil-WaterAtmosphere-Plant model (SWAP, Kroes et al., 2008; Van Dam, 2000) , a distributed unsaturated zone model to "upscale" in situ soil moisture to the scale of the SMOS (Soil Moisture and Ocean Salinity), ASMR-E (Advanced Microwave Scanning Radiometer) and ASCAT(Advanced Scatterometer) soil moisture products (The spatial resolution of SMOS, ASCAT and ASMR-E products was 35-50 km, 25 km and 36-54 km respectively (Wanders et al., 2012) So far, all satellite soil moisture validation studies made use of in situ soil moisture or a combination of in situ and modelled soil moisture (Albergel et al., 2009; Albergel et al., 2011; Brocca et al., 2010; Draper et al., 2009; Lacava et al., 2012; Su et al., 2011; Wagner et al., 2007) .
As many regions in the world are poorly gauged or ungauged, the question which then arises is how to check the quality of remotely sensed soil moisture for data scarce regions.
To cope with this issue of in situ soil moisture availability, the ISMN (International Soil Moisture Network, http://ismn.geo.tuwien.ac.at/) has been set up to offer a web portal where standardised in situ soil moisture can be acquired (Dorigo et al., 2011) . If the initiative comprises more than 500 stations worldwide, there are some regions with very poor or no soil moisture monitoring network especially in Africa and Latina America. In West Africa, for instance, according to Albergel et al. (2011) and Dorigo et al. (2011) , the network of the AMMA (African Monsoon Multidisciplinary Analysis) project made up of 10 stations installed over three sites is the sole network.
Hence, an alternative have to be found for checking the quality of satellite soil moisture products for ungauged areas. This study suggests a framework to test the validity of remotely-sensed soil moisture without in situ soil moisture.
Materials and methods
As displayed in Figure 1 , the idea is the use of hydrological modelling to generate modelled soil moisture taken as reference data for the validation of satellite soil moisture. The principle is implemented in three steps. The first step is the calibration and validation of hydrological models with stream flow data which, generally, are available for most catchments. Such models should have a detailed soil moisture routine otherwise soil moisture cannot be extracted. A calibration and validation (and not only a calibration) ensures that the output of the models are reliable (Biondi et al., 2012) . As hydrological models are per se uncertain (Pappenberger and Beven, 2006; Andreassian et al., 2009; Juston et al., 2012) , we suggest that not only one single model but instead several models be used (Jiang et al., 2007; Foley, 2010; Badou, 2016) . The second stage is the extraction of modelled soil moisture. Hydrological models deliver a range of solutions (and not a single one) corresponding to acceptable performance criteria, and acceptable representation of processes known as behavioural solutions (Beven and Binley, 1992; Abbaspour, 2008; Krauße, 2013) . To guarantee that the modelled soil moisture to be taken as reference is the "best" choice, a safeguard would be to select the soil moisture of the most behavioural solutions. The last step is the actual comparison of remotely-sensed and modelled soil moisture. To deal with the uncertainty inherent to any hydrological model output that might bias the comparison, we further propose that extracted soil moisture from the candidate models be combined (use of average, percentiles or confidence levels). A multi-objective validation using a number of performance criteria such as the coefficient of determination (R 2 ), bias, root mean squared error (RMSE) and also visual inspection is necessary. It is worth noting that the suggested methodology is only recommended for the validation of satellite soil moisture over hydrological basins for which stream flow data are readily available (Dettinger and Diaz, 2000) . It cannot be applied for geographical areas for which hydrological models cannot be calibrated and validated. The vegetation is dominated by savannah, followed by farms and fallows then forest (CILSS, 2016) . The climate is Sudano-sahelian with only one rainy season (April to October) and annual rainfall vary between 700 mm and 1250 mm while mean temperature is 28 °C. Three major soil types are found in the Yankin Basin: Albic Plinthosol, Haplic Lixsol, and Ferric and Albic Acrisol.
Hydrological models
Three hydrological models having a detailed soil moisture routine, the Universal Hydrological
Program -Hydrological Response Unit, UHP-HRU (Giertz et al., 2010) , Soil Water Assessment Tool, SWAT (Arnold et al., 1998) and Water balance Simulation Model, WaSIM (Schulla, 1997; Schulla, 2012) were used. UHP-HRU is a conceptual, semi-distributed water balance model for assessing hydrological processes (surface runoff, interflow, baseflow, aquifer recharge, etc.).
SWAT is also a conceptual, semi-distributed model developed for assessing the impacts of climate, land use and agricultural practices on water quality, water quantity and sediment. WaSiM is a physically-based and distributed model used for the simulation of water balance. A brief description of the models is given in Table 1 . A more detailed description of each of these models can be found in Cornelissen, Diekkrüger and Giertz (2013) .
The three models require the same input data (see Table 2 ) which are a digital elevation model, land use map related properties, soil map related properties, climate variables (rainfall, temperature, wind speed, humidity, and radiation). The Penman-Monteith method (Penman, 1956; Monteith, 1965 ) was used to compute potential evapotranspiration for the three models. Regardless of the model, stream flow is computed as the sum of surface runoff, interflow and baseflow. (Nash and Sutcliffe, 1970) , Kling-Gupta efficiency, KGE (Gupta et al., 2009 ) and coefficient of determination, R 2 and were unsatisfactory to very good for the percent bias criterion, PBIAS (Gupta et al., 1999) . The soil moisture data of the best solution of each of the three models were extracted for comparison with the ESA-CCI (European Space Agency Climate Change Initiative http://www.esacci.org/) soil moisture for the validation period. As shown in Table 2 , the remotely-sensed product has a spatial resolution of 0.25°x 0.25° and is given for the topmost 2cm at the daily time step.
More details on the ESA-CCI soil moisture can be found in Liu et al. (2012) . While for WaSiM the soil moisture of the uppermost 2cm layer was extracted, the soil moisture of the SWAT and UHP-HRU models were rescaled using straightforward proportions. To test the benefit of combining soil moistures from two or more models instead of using that of one single model (see Section 2), modelled soil moistures were averaged for all possible combinations (SWAT and UHP-HRU/ SWAT and WaSiM/ UHP-HRU and WaSiM/ SWAT, UHP-HRU and WaSiM). We, then, computed and analysed the difference between modelled soil moistures (both for individual models and their combinations) and satellite soil moisture.
Results
Modelled and remotely-sensed soil moistures were compared using graphical technique and quantitative metrics. Table 3 and Table 4 showcase the quantitative metrics of the comparison between modelled and satellite soil moisture when single model outputs are considered and when models outputs are combined respectively. An analysis of these tables reveals that with the combination of models soil moisture improve the results especially with respect to the R 2 criterion.
Graphical technique

Quantitative measures
Considering the bias metric, the lowest absolute value (0.01cm 3 /cm 3 ) is determined for SWAT while the highest value (-0.048cm 3 /cm 3 ) corresponds to the comparison with WaSiM soil moisture.
Combined models and satellite soil moisture yield smaller biases with a maximum bias of -0.039cm 3 /cm 3 against -0.048cm 3 /cm 3 for the WaSiM model taken individually. Concerning individual models, the lowest and highest biases are obtained for SWAT and WASIM soil moistures respectively. Averaging modelled soil moistures, the lowest bias is given for the combination SWAT and UHP-HRU while the highest bias corresponds to the combination of UHP-HRU and WaSiM. Thus, the combination of modelled soil moistures seems to be linear with respect to the bias criterion. With respect to the coefficient of determination, very good score (0.83) is obtained for the comparison of remotely-sensed soil moisture with soil moisture modelled using UHP-HRU while 
Discussion
When the ESA-CCI soil moisture product is compared with averaged modelled soil moistures the discrepancies are smaller and the correlations higher than when the comparison is done with soil moisture from individual models alone. When modelled soil moisture from either SWAT or WaSiM model were compared to satellite soil moisture, the ESA-CCI soil moisture was evaluated as poor (see Figure 3) . Conversely, when soil moisture from the models are averaged and taken as a reference a better score is obtained and the ESA-CCI product is acceptable (see Figure 4 and Table   4 ). The combination of models soil moisture is more reliable because the soil moisture of the models taken individually are poorly correlated among themselves (see Figure 3) while the combined models soil moisture yield a good timing among themselves especially during the rainy season (see Figure 4) . Differences between modelled soil moistures might emanate from the differences between soil moisture computation procedures of the individual models. UHP-HRU only simulates the water available for plants within the root zone, SWAT simulates the moisture of each user-specified layer but only provides it for the entire soil depth, and WaSiM simulates the soil moisture of user-specified layers (Table 1) . The mismatch between the thicknesses of the ESA-CCI soil moisture (2 cm) and that of the modelled soil moistures which necessitated scaling down SWAT and UHP-HRU soil moistures to 2 cm (Section 3.2) might have also contributed to these differences. Hence, the largest discrepancies were obtained with the SWAT model whose soil moisture is provided for the entire soil depth (Figure 3) . Combining hydrological models outputs has been reported to improve the representativeness of the processes (Viney et al., 2009) . The fact that the correlation is higher when the soil moistures of the three models are averaged suggests that individual models weaknesses are compensated while their strengths are amplified. However, these are not a linear relationships.
The findings presented in this case study are partly consistent with previous studies on the validation of satellite soil moisture datasets. Albergel et al. (2011) were found for the ESA CCI soil moisture product in China and East Africa (McNally et al., 2016) .
Conclusion
The validation of satellite soil moisture products is the focus of increasing studies. This research suggested a methodology applicable to hydrological basins where in situ soil moisture measurements are not available. The basic idea is to use water balance models to generate proxy measurements. Some safeguards are suggested to ensure that modelled soil moistures are reliable and less uncertain: a multi-model approach i.e. the use of several hydrological models, a multiobjective validation of these models, the extraction of the most behavioural solutions, and the combination of the extracted soil moistures (use of average, percentiles or confidence levels). The methodology was successfully tested for the ESA-CCI soil moisture product over the tropical (iv) the combination of modelled soil moistures seems to be linear with respect to the bias accuracy metric but non-linear for the coefficient of determination ( R 2 ).
Our results suggest that averaging soil moistures from different hydrological models provides valuable proxy measurements for testing the reliability of satellite soil moistures.
To further evaluate the robustness of the suggested methodology, research on different satellite soil moisture products and different hydrological models over areas of different climatic conditions is needed.
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